Linkage disequilibrium (LD) is a measure of the degree of association between alleles in a population. The detection of disease-causing variants by association with neighbouring single nucleotide polymorphisms (SNPs) depends on the existence of strong LD between them. Previous studies have indicated that the extent of LD is highly variable in different chromosome regions and different populations, demonstrating the importance of genome-wide accurate measurement of LD at high resolution throughout the human genome. A uniform feature of these studies has been the inability to detect LD in regions of low marker density. To investigate the dependence of LD patterns on marker selection we performed a high-resolution study in African-American, Asian and UK Caucasian populations. We selected over 5000 SNPs with an average spacing of $1 SNP per 2 kb after validating ca 12 000 SNPs derived from a dense SNP collection (1 SNP per 0.3 kb on average). Applications of different statistical methods of LD assessment highlight similar areas of high and low LD. However, at high resolution, features such as overall sequence coverage in LD blocks and block boundaries vary substantially with respect to marker density. Model-based linkage disequilibrium unit (LDU) maps appear robust to marker density and consistently influenced by marker allele frequency. The results suggest that very dense marker sets will be required to yield stable views of fine-scale LD in the human genome.
INTRODUCTION
Large-scale linkage disequilibrium (LD) studies conducted at increasing levels of resolution (1) (2) (3) (4) (5) have led to the recent launch of a systematic, genome-wide analysis of LD in multiple populations. The project, named HapMap for (human) haplotype map (6) (7) (8) (9) , aims to develop tools for enhancing the design, interpretation and reproducibility of association studies of common diseases. As the findings of a dense whole-genome association study have yet to be reported, there is some uncertainty at the eventual utility of these maps (6, 8, (10) (11) (12) (13) . Nevertheless characterization of LD patterns across the genome is likely to lead to a much better understanding of biological and demographic processes such as recombination, mutation, natural selection and population history (2, (14) (15) (16) .
Simulation studies and empirical data analyses have consistently highlighted extreme variability in LD, extending from a few to several hundred kilobases on average (17) (18) (19) (20) (21) (22) . Given the high degree of variability in average LD, fine-scale characterization of local LD patterns in the genome remains a serious challenge. This challenge is central to the success of LD maps in facilitating association mapping.
A key difficulty in fine-scale LD characterization concerns the relationship between empirical patterns of LD and operational definitions of them: the highly variable nature of LD renders it difficult to construct objective statistical approaches/ algorithms that accurately and consistently reflect the unobserved history of the population sampled (23) . Several different statistical methods for considering LD have been developed. The concept of haplotype blocks (3, 24) has proven very attractive; in fact the conception of the HapMap project was in part triggered by the suggestion that LD blocks occur ubiquitously throughout the genome (1, 3, 15) and that a few distinct markers in each block are sufficient to represent the majority of common haplotypes within a population. Different definitions of 'blocks' have since been reported (1, 3, (24) (25) (26) (27) (28) (29) (19) , determine linkage disequilibrium units (LDUs) to construct metric LDU maps (30) , estimate recombination rates (31) (32) (33) , and present average LD against physical and genetic maps (2, 22) . These approaches all make use of different aspects of genotype data, and thus yield non-identical, though sometimes overlapping, views of LD patterns (4, 34) .
Empirically, most of the studies of long-range LD have been based on relatively sparse single nucleotide polymorphism (SNP) maps, typically less than one marker per 7 kb (2-4). Notable exceptions to this include a study of chromosome 21 (1) with a density of one marker per 1.3 kb in 10 individuals, and high-density sperm typing studies (35, 36) conducted over short genomic regions. Wall and Pritchard (37) also examined a number of short dense regions. At present, the number and distribution of SNPs needed to offer substantive gains for association studies is unknown and debated (13) . The initial phase of the HapMap is scheduled to genotype SNP markers at a density of about one marker per 5 kb. No study has evaluated a marker panel of this or higher density across a long chromosome region in population-based samples.
In this paper we assess the variability in LD patterns with respect to marker density and allele frequency along a 10 Mb contiguous segment of chromosome 20q12-13.2 (38) . Toward this end, we have genotyped >5000 SNPs at a density of one marker per 2 kb in four different samples (12 CEPH families having 48 founders, 96 UK Caucasians, 97 African Americans and 42 East Asians). Local LD patterns are first assessed using the full marker set and the robustness of the patterns is then examined at lower marker densities (i.e. random marker subsets at one marker per 3, 4, 5, 7.5 and 10 kb). This strategy is depicted in Figure 1 .
To describe LD patterns and assess the consistency of local inferences, we use simple sliding window assessments of pairwise LD, the LDMAP program (30) and three haplotype block algorithms: the four-gamete test (25) , a D 0 threshold approach (4) and the popular confidence-limit approach of Gabriel et al. (3) .
RESULTS
The distributions of marker spacing and minor allele frequencies (m.a.f.) in each of the populations are shown in Figure 2 and descriptive summaries of the samples and marker panels are given in Table 1 . The high density of the panel is most clear in Figure 2B ; in all samples, more than 80% of the markers are within 3 kb of each other. The largest gap in the CEPH dataset is 36 kb, with only 2% of the gaps exceeding 10 kb (111/5323). The spacing distributions in the other samples are similar, although with slightly wider spaced on average (Table 1) .
Descriptive patterns of LD decay are shown in Figure 3 . As expected (17, 22, 39) , the rate of decay appears higher in the African Americans than in the other populations. For closely spaced markers (<1 kb: 2659 pairs in the CEPH dataset), the average D 0 (r 2 ) is 0.93 (0.47), decreasing with increased spacing, illustrating the well-known pattern of strong but imperfect correspondence between physical spacing and LD for very close markers. Note that more than 5% of such marker pairs are effectively independent (r 2 < 0.025), highlighting the extreme variability that is characteristic of pairwise LD and possibly reflecting gene-conversion events (20) . To allow a direct comparison of decay rates of the different populations, we constructed datasets having the same number of individuals in each population, using the full East Asian panel and 42 individuals (randomly selected) from each of the African American and UK Caucasian panels. The well-known bias in jD 0 j according to sample size (12) is clear in these data (Fig. 3A) , as D 0 tends toward a minimum value of $0.4 for markers that are effectively independent, while r 2 tends towards 0.0 for independent SNPs (Fig. 3B) .
For a broad baseline view of the effects of marker density, sliding window plots of r 2 values were constructed for the most extreme densities considered in the three unrelated populations (10 versus 2 kb). In each population, the LD patterns for a 10 kb density are highly similar to those for a 2 kb density (Fig. 4) . These similarities are apparent across a number of different window lengths, suggesting that they are not simply a feature of the scale chosen (Supplementary Material Figs S1 and S2). The sliding window plots also reveal good concordance between populations in the regions of high/low LD. High LD regions are most clearly apparent in the UK Caucasian sample, with a similar though slightly diminished profile in the Asian sample. The highest LD regions are also apparent in the African American sample, but at a much reduced level. In general, simple sliding window assessments at coarse marker densities seem to provide a consistent impression of the overall LD trends, which appear useful for broad characterization and comparison of genomic regions, as done initially with microsatellite markers (40) . These stable views are useful only for general impressions of LD profiles, as they come at the expense of fine-scale resolution, e.g. the increasing recombination rate across the region is not readily apparent in Figure 4 . It is therefore unclear how to directly use these summaries to guide marker selection for disease association studies.
LDU maps offer an alternative summary of LD that can accommodate fine-scale patterns. Lonjou et al. (41) compared LDU maps in a number of populations and developed a single 'cosmopolitan' map, which, when appropriately scaled, recovered up to 95% of the information from LD maps constructed from individual samples. Their results suggest that if the map contours are predominantly determined by recombination hot-spots which are co-localized in all populations, population specific LD maps should show similar contours but on different scales.
The contours of LDU maps for the different populations, marker densities and allele frequencies are shown in Figure 5 , following the graphical conventions used previously with LDU maps (42) . Alternative representations of these comparisons are given in Figure 6 , in which the widths of LDU intervals are plotted against their physical position along the chromosome. In this view, areas of high peaks correspond to steep steps (high recombination) in Figure 5 , while flat areas correspond to plateaus.
Figures 5A and 6A show the variation in the strength of LD across the region for the three populations. The data reveal some similarities between populations in regions of extensive LD (e.g. around 1-1.25 and $9 Mb) as well as regions where LD is breaking down ($7.5 and $4.3 Mb). The data also reveal differences (e.g. $2-4 Mb), many of which reflect the magnitude of steps, with African Americans generally having the steepest steps (greatest apparent recombination), followed by Asians and UK Caucasians, respectively.
LDU maps appear largely insensitive to marker density at the observed resolution as their profiles determined at various densities are highly correlated (Figs 5B, 6B and C, Spearman's rank correlation coefficient r ¼ 0.78-0.64). In both the UK Caucasian and the African-American samples, total LDU lengths are generally consistent between 10 and 2 kb (Table 2) with typically less than a 5% change (always <10%) in map length.
The maps also reveal a slightly concave pattern that is consistent with the known increasing recombination rate from the left to the right of Figure 5 . The stability of LDU maps with respect to marker density reflects an additive effect in distances.
As expected, LDU maps are affected by changes in allele frequencies, with subsets of more common SNPs producing longer maps. This is because under neutral evolution, common alleles tend to be older and thus have had more time to recombine, thereby showing less LD (43) . Since LDUs reflect the product of recombination and time, maps made from subsets of common/older SNPs will be longer. Allele frequency influences total length by altering the height of steps, reflecting For each of the three block definitions, the number of blocks, average block length and proportion of sequence contained within blocks ('sequence coverage') are presented in Table 1 for the full marker sets in each sample. At 2 kb marker density, about 50% of the region is contained within blocks; for example, in the UK Caucasian sample, 54 and 55% of the total sequence was covered by the Gabriel approach and the threshold method, respectively. The average block length varies substantially between methods and populations, ranging from 3.3 kb in the African American samples with the four-gamete test to 11.1 kb in the UK Caucasians with the Gabriel test. Interestingly, while Gabriel et al. (3) reported average block lengths of 22 kb in Caucasians and 11 kb in African Americans using an average marker density of 7.8 kb, the average block length using the same statistical method is $50% lower in this study (10.1-11.1 kb in CEPHs and UK Caucasians versus 6.4 kb in African Americans). This difference could be due in part to the slightly higher recombination rate in this region of chromosome 20 (1.54 cM/Mb) relative to the genome average.
While the overall levels of sequence coverage appear largely similar across methods, only 43, 41 and 49% of the sequence was common to the Gabriel/threshold, Gabriel/four-gamete and threshold/four-gamete methods, respectively, in the CEPH samples. The number of blocks detected varied even more substantially amongst block definitions; for example, up to 2-fold in the CEPH samples (530 in the Gabriel approach versus 1110 in the Wang method). At this highest marker density (2 kb), there does not appear to be a strong convergence of block-detection methods in delineating specific LD patterns.
We examined the UK Caucasian and African American samples (which have similar sample sizes) with the 4337 markers common to both in order to explore LD block structures at different marker densities and m.a.f. thresholds. At all marker densities, there was more sequence covered by LD blocks and longer average block length in the UK Caucasian than in the African American population ( Figure 7A and B), consistent with previous reports (3). Also, in both samples an inverse relationship was observed between sequence coverage and average block length: as marker density increased, the sequence coverage of LD blocks also increased, but the average block-length decreased ( Figure 7A and B) . Thus, long blocks apparent at low marker densities break up into shorter blocks as more markers are genotyped. Figure 7C shows two regions of 400 kb in which new blocks are established between pre-existing blocks, longer blocks are merged from adjacent shorter blocks and, most commonly, long blocks are broken down into smaller blocks as marker density is increased from one marker per 10 kb to one per 2 kb. This trend, observed throughout the region, does not seem to begin to stabilize at any marker density from 10 to 2 kb. The proportion of blocks which break or remain conserved at each density is shown in Figure 8A . More than one-half of the blocks formed at a density of one marker per 10 kb change boundaries after adding new markers to reach 2 kb. In intermediate densities (7.5, 5, 4 and 3 kb) there is a gradual decrease in the proportion of blocks broken relative to the 2 kb map. Still, nearly 30% of the For direct comparison of decay rates, the same number of individuals were drawn from each sample (n ¼ 42). The colour schemes for the different sample are CEPH (green), UK Caucasian (blue), Asian (red) and African American (yellow). The CEPH sample has 48 founders, of which 42 were used. In these families, the pedigree information was used to estimate haplotypes across the full 10 Mb region, and the haplotype frequencies for each pairwise LD coefficient was calculated using the pedigree-derived haplotypes. The decay rates represent the average D 0 (A) or r 2 (B) for all marker pairs separated by distance S (for S ¼ 10, 20, 30, . . . , 500 kb). Successive 20 kb bins were incremented by 10 kb overlap to produce the smooth decay plots shown. The trend of decreasing block sizes does not seem to be a feature of the specific block-detection algorithm. The D 0 threshold and four-gamete method showed different absolute levels of block lengths and sequence coverage, but similar patterns of change with increasing marker density. It also does not seem to be a feature of blocks defined by only a few markers, as blocks depicted by six or more markers also revealed a strong dependence on marker density with a clear propensity to breaking upon further genotyping (Supplementary Material Fig.  S3) .
Although the precise boundaries of blocks vary widely, regions of high block coverage correspond to regions of high LD. The average r 2 value between markers that break blocks and markers in the original blocks they break is higher than for random marker pairs (Fig. 8B) , suggesting that block-breaking markers often fall just below the arbitrary thresholds imposed by block-detection algorithms.
DISCUSSION
We have genotyped more than 5000 SNPs in four population samples in a 10 Mb region of chromosome 20. This dense 2 kb map offers several main conclusions about linkage disequilibrium patterns, how they are depicted by existing statistical methods, and their possible role in disease association studies.
Firstly, broad views of high and low LD patterns can be observed using a variety of statistical procedures, are clearly distinguishable at coarse marker densities (e.g. 1 SNP/10 kb) and do not change appreciably with increased marker densities. Regions of exceptionally high LD can be delineated by direct observation (e.g. with protracted peaks in sliding window plots, regions of high sequence coverage in blocks or long plateaus in LDU maps). They may also be characterized in a more quantitative sense by comparing long tracts of LD against the empirical distribution of all LD runs (2), evaluating the parameter estimates of LDU maps (30) or assessing measures relating to haplotype diversity in blocks (24) . The HapMap project should provide in its first phase (5 kb density) a framework profile of LD to guide further fine-scale assessment.
Secondly, localized patterns of LD are highly dependent upon the density of markers used to discern them. Successive addition of SNPs within close regions often disrupts specific patterns of pairwise LD, which can otherwise (misleadingly) appear very high and consistent at coarser marker densities. This high variability in LD was apparent even at the density of one marker per 2 kb. The variation was also apparent in each of our three population samples. Given the strong dependence of LD measures on allele frequencies and thus mutation age, this effect is somewhat of an expected feature of LD assessments derived from pairwise measures. Thirdly, while haplotype blocks reflect high LD in local regions, their precise boundaries are not always robust to the density of markers genotyped. As marker density increases, the sequence coverage of haplotype blocks increases, and the average size of haplotype blocks decreases. Increased marker densities can fill in chromosomal regions which are poorly covered by coarse spacing, but they also often break blocks into smaller pieces, yielding block boundaries which vary according to SNP ascertainment. Variable block boundaries and decreasing block sizes which accompanied increased densities were observed in all populations under each of the three block definitions examined. Given this high degree of dependence on marker density, practical usage of haplotype blocks in association studies using sparse maps does not appear promising.
The use of both a similar marker density and the same block definition algorithm allows a direct comparison between this study (intermediate tier of one SNP per 7.5 kb) and the study of genomic regions by Gabriel et al. (3) . In our 7.5 kb tier, the average block size was 19 and 12 kb in the UK Caucasian and African-American samples, respectively. These are close to the observed (predicted) average sizes of 18 (22) and 9 (11) kb in the Western European and African samples reported by Gabriel et al. (3) ; thus, despite a slightly higher recombination rate in this region of chromosome 20, the two studies are highly concordant in terms of average block sizes. However, these same blocks decrease by about 40% upon further genotyping to a density of 2 kb, highlighting the variability in block boundaries.
Despite high variability in boundaries, the higher LD in block-rich regions may be amenable to haplotype-tagging strategies for construction of efficient SNP sets (45) . In principle, marker sub-selection could be conducted for a region of nearly any complexity, conditional on the sample data (23) . The degree to which selected tagging SNPs change as a function of marker density warrants further assessment.
Fourthly, the general pattern of high versus low LD in the LDU map approach appears largely consistent across the range of marker densities examined. The regions of presumed high ancestral recombination, depicted by tall slopes, and presumed low recombination (as in blocks), depicted by plateaus, are generally consistent from densities of 1 marker per 10 kb to one per 2 kb (Table 2) , in contrast to the other methods examined. As noted earlier, specific markers often deviate markedly from pairwise LD trends, presumably due to factors other than recurrent recombination (e.g. age of mutations, genetic drift, mutation rate differences, gene-conversion, etc.). LDU maps are more robust to this sort of deviation, as the model-fitting provides a degree of smoothing which seems to remove much of the marker density effects that plagues other fine-scale descriptions of LD.
LDU maps appear largely stable over the densities examined, but they are strongly influenced by allele frequencies. LDU maps derived from markers with common alleles are likely to be longer than those built from rare allele markers. This is not an artefact but a biological feature that LDU maps are capable of depicting since LD is generally higher with rarer (recent) markers than in common (older) markers. This implies that maps derived from studies with non-randomly ascertained SNPs, such as the HapMap project focusing on common allele markers, will require some modification so that they generalize to marker sets having other frequencies. From the LDU map perspective, this allele frequency influence emphasizes probable limitations of the HapMap for diseases with rare alleles.
Finally, specific LD patterns in our LDU and block assessments indicate both clear and recurrent transitions from high to low LD and, more often, less intense changes from high to low LD. This situation along with fuzzy block boundaries suggests that assessment of LD by SNP genotyping yields a view of the genome as a few series of discrete jumps from recombination hotspots to extreme haplotype conservation that can be replicated (15, 46, 47) and many more unstable transitions from regions of high to low LD. It is possible that a higher density of markers than 2 kb would be more stable. It is also possible that localized regions of recurrent recombination exist broadly in the genome, but the exact positions of each cross-over event are distributed around each apparent hotspot rather than occurring as discrete points on the chromosome. Approaches which focus on the sites of recombination directly, via experimental techniques such as single sperm typing (35, 36, 48) or statistical procedures such as estimation of local recombination rates (31) (32) (33) , are promising for helping to clarify the genealogy of specific chromosome regions (reviewed in 16).
The highly variable continuum of LD along chromosomal regions raises challenges for designing studies and constructing statistical procedures to efficiently use LD information in the context of association studies. For example, how to use LD to detect causal SNPs remains an open question. Empirical data have the power to shape the development and calibration of new tools; do we need pilot association studies now? The chromosome 20 region described here offer this possibility as it (i) has a marker density higher than the planned end-product of HapMap and (ii) spans a region with linkage to common diseases such as type 2 diabetes and obesity.
MATERIALS AND METHODS

Samples
The following panels were used: HD100AA, panel of 100 unrelated African Americans (Coriell Cell Repositories); 12 three generation CEPH/Utah families (95 individuals); East Asian panel of 32 Japanese (22 from the American Diabetes Association) and 10 Chinese. The CEPH and East Asian panels were originally assembled by the SNP Consortium and are available through Coriell; Human Random Control (HRC) panel1 of 96 UK Caucasians (ECACC).
SNP ascertainment
All publicly available SNPs (dbSNP; release 114) with unique map positions on the chromosome 20 contig NT_011362.7 (3 726 000-13 824 000 bp) were parsed through Illumina's assay design software. Average SNP density along chromosome 20 was at one SNP per 330 bp due to a targeted SNP discovery effort at the Sanger Institute based on shotgun sequencing of flow sorted chromosome 20 DNA (P. Deloukas, unpublished data). Illumina designed assays for ca 65% of the SNPs of which we selected a total of 11 328 SNPs (spacing >100 bp).
The average recombination rate of the region is 1.54 cM/Mb (0.64 cM/Mb in males; 2.45 cM/Mb in females) based on the deCode genetic map (49) ; note this is lower than the chromosome average of 1.89 cM/Mb (male 1.61cM/Mb; female 2.17 cM/Mb). The recombination rate is lowest at the proximal end of the region (1.22 cM/Mb at 39 Mb) and rises steadily to 1.87 cM/Mb at the distal end.
Genotyping and error checking SNP genotyping was contracted out to Illumina which used the Golden Gate assay and a multiplex level of 1152 SNPs per well. The methodology including reproducibility and concordance to other platforms will be described elsewhere (50) . In brief, all assays (11 328 SNPs) were developed on both strands and used to genotype 384 samples which included 365 DNAs from the panels described above plus controls. Among the DNAs, 32 were blind duplicates. Some 82% of SNPs yielded a working assay on either strand. In addition, we genotyped the CEPH panel with a heavily overlapping set of 2000 SNPs using the Homogeneous Mass Extent assay (Sequenom). We then assessed the 6019 SNPs (both sets) that showed a minor allele frequency !4% in either the combined DNA set or in the African American panel.
Of the 5704 SNPs typed on the Illumina platform, 2613 were successful on both strands, 1846 on the optimal and 1245 on the other strand. We used duplicate genotypes (assays on both strands and DNA duplicates) and inheritance (CEPH family panel only) to identify all discrepant genotypes. We first removed five DNAs with poor results (NA10842, NA12046 in CEPH samples, and NA17163, NA17170 and NA17160 in African-American samples). We then looked at the genotype confidence score provided by Illumina and applied a cut-off value above which the retained fraction of genotypes had a discordant rate <0.3%; 92% (1 507 291) of all possible unique genotypes met these criteria. No SNP loci were removed at this point.
Finally, from each of the four population samples, i.e. African Americans, East Asians, CEPH families and UK Caucasians, we removed loci with less than 80% of all possible genotypes (157, 165, 190 and 131, respectively), out of HardyWeinberg (w 2 ! 10) (118, 30, 65 and 52), zero heterozygosity (23, 541, 268 and 273) and double recombinant (698) (CEPH samples only).
Final SNP panels
Per population, the final analyses were based on: CEPH, 5324 markers (average spacing one marker per 1.88 kb); UK Caucasians, 4427 markers (one marker per 2.26 kb); African Americans, 4938 markers (one marker per 2.03 kb) and 4160 markers for the East Asians (one marker per 2.40 kb). Unless noted otherwise, all analyses use these sets of markers or subsets of them (see Data Repository URL).
The UK Caucasian and African American panels were analysed based on a series of decreasing marker densities generated from a total of 4337 markers common to both. The following marker densities were created by randomly removing a subset of markers from the full dataset: full (one marker per 2.3 kb), one marker per 3, 4, 5, 7.5 and 10 kb. These subsets of data were then subjected to block analysis and comparison. This process was repeated 30 times and only very small variances were observed between repeats in terms of sequence coverage of blocks, average block size and percentage of blocks being broken (data not shown).
Block algorithms
Haplotype block detection was based on three block definitions: For all block analyses, we present the results for the commonly-used Gabriel et al. approach in the first instance, and then highlight any noteworthy similarities/differences with the other methods.
LDU maps
The LDMAP program (30) was used to construct metric LDU maps from these data sets. This program employs the Malecot model (53, 54) to predict association as r ¼ (1 7 L)Me Àed þ L, where L is the residual association at large distance, M is the association at zero distance and a measure of phylogeny where 1 represents a monophyletic origin and is less than 1 otherwise, and e is the exponential decline of r with physical distance d. For marker by marker association, in unrelated individuals, r equates to the absolute value of D 0 (55). The program estimates values of M and L for the entire sample, while e is estimated in each marker-defined interval using all of the pairwise data that is informative for that interval. Convergence of parameter estimates is achieved by maximizing the composite likelihood [À P K r (r r 7 r) 2 /2]), wherer r is an empirical estimate of r, the information (K r ) satisfies w 2 1 ¼ r 2 K r , and the length of the ith interval in LDUs is given by e i d i , where e i is the Malecot parameter and d i is the length of the interval on the physical map in kb. The LDU map identifies regions of high LD as plateaus (similar to 'blocks') and characterizes steps which reflect recombining areas or events and define the relationship between blocks (56). As a result, whole chromosome LDU maps (42) are highly correlated with linkage maps (49) , suggesting that much of the variation in the extent LD across the genome is due to recombination.
Sliding windows
Sliding window assessments were conducted by considering all pairwise LD (r 2 ) values for markers spaced between 25 and 250 kb. Average r 2 values were plotted for all marker pairs within each successive window of 500 kb. The overlap length of each window was 200 kb. The window length/overlap characteristics were chosen to exhibit general trends in the data. Similar trends were apparent with various window lengths and marker composition, showing more specific features of LD patterns (Supplementary Material Figs S1 and S2). As with any sliding window model, window length was negatively correlated with variability in LD trend (i.e. the longer the window, the less distinct the peaks).
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